Background: It is long known within the mathematical literature that the coefficient of determination R 2 is an inadequate measure for the goodness of fit in nonlinear models. Nevertheless, it is still frequently used within pharmacological and biochemical literature for the analysis and interpretation of nonlinear fitting to data.
Background
Fitting nonlinear models to data is frequently applied within all fields of pharmaceutical and biochemical assay quantification. A plethora of nonlinear models exist, and chosing the right model for the data at hand is a mixture of experience, knowledge about the underlying process and statistical interpretation of the fitting outcome. While the former are of somewhat individual nature, there is a need in quantifying the validity of a fit by some measure which discriminates a 'good' from a 'bad' fit. The most common measure is the coefficient of determination R 2 used in linear regression when conducting calibration experiments for samples to be quantified [1] . In the linear context, this measure is very intuitive as values between 0 and 1 give a quick interpretation of how much of the variance in the data is explained by the fit. Although it is known now for some time that R 2 is an inadequate measure for nonlinear regression, many scientists and also reviewers insist on it being supplied in papers dealing with nonlinear data analysis. Several initial and older descriptions for R 2 being of no avail in nonlinear fitting had pointed out this issue but have probably fallen into oblivion [2] [3] [4] [5] [6] [7] [8] . This observation might be due to differences in the mathematical background of trained statisticians and biochemists/pharmacologists who often apply statistical methods but lack detailed statistical insight.
We made the observation that R 2 is still frequently being used in the context of performance or validity of a certain model when fit to nonlinear data. R 2 is not an optimal choice in a nonlinear regime as the the total sumof-squares (TSS) is not equal to the regression sum-ofsquares (REGSS) plus the residual sum-of-squares (RSS), as is the case in linear regression, and hence it lacks the above interpretation (see Additional File 1, paragraphs 1 & 2). To our observation, there is still a high occurrence in the present literature of all biomedical fields where the validity of nonlinear models is based solely on R 2 values, which might be a result of authors or reviewers not being aware of this fallacy. Additionally, almost all of the commercially available statistical software packages (i.e. Prism, Origin, Matlab, SPSS, SAS) calculate R 2 values for nonlinear fits, which is bound to unintentionally corroborate its frequent use. A further example is the TableCurve2 D software (Systat, USA) which can fit hundreds of nonlinear models to a given dataset automatically and then rank these by means of R 2 . Noted 25 years ago by Kvalseth [8] , the user is usually not able to identify which of the eight different definitions of R 2 that are commonly being used in the literature is chosen for the analysis output in statistical software (see Additional File 1, Remark 4).
We thus aimed to point out the low performance of R 2 and its inappropriateness for nonlinear data analysis by basing our analysis on an extensive Monte Carlo simulation approach. This approach has fundamental advantages in the analysis of nonlinear data analysis [9] and can reveal tendencies within statistical methods by supplying the models and measures in question with thousands of generated datasets.
Methods

Creation of the 'true' model
In a first step, we fitted a three-parameter log-logistic model (L3, see Formula 3 below) by nonlinear leastsquares to sigmoidal data that was taken from quantitative real-time polymerase chain reaction (qPCR). This yielded a sigmoidal model with the parameters b = -9.90, d = 11.07 and e = 24.75. We used the fitted values of this model and x-values from 10-35 as the 'true' model with sample size n = 26 for the following Monte Carlo simulation. This essentially gave a sigmoidal curve that can be encountered in many different areas of pharmacological/ biochemical analysis. Specific to qPCR data, the x-values ("Cycles") are equidistant and not on a log-scale, as often encountered in dose-response analysis. For mathematical details, see Remark 7 in Additional File 1.
Perturbation of data (Monte Carlo Simulation)
Using the fitted values as above, all datapoints were perturbed 2000 times by adding six different magnitudes (very low to high) of homoscedastic noise from a gaussian distribution with mean = 0 and standard deviations = 0.01, 0.02, 0.05, 0.1, 0.2 or 0.4. The noise of the data was therefore between 0.1% and 4% of the data range. This way, for each of six different settings (determined by different standard deviations), we obtained 2000 new data sets of sample size n = 26 with true model L3. For each of these data sets, nine different sigmoidal models differing in model type and number of parameters (Formulas 1-9) were fit. For mathematical details, see Remark 7 in Additional File 1.
Formula 1: Five parameter log-logistic model (L5):
Formula 2: Four-parameter log-logistic model (L4):
Formula 3: Three-parameter log-logistic model (L3): 
Calculation of measures for goodness-of-fit
For each simulation, we calculated the following measures for goodness-of-fit: R 2 , using the most general definition [5, 8] : Formula 10:
with RSS = residual sum-of-squares, TSS = total sum- We chose to use the adjusted R 2 to compensate for possible bias due to different number of parameters:
Formula 11:
with n = sample size and p = number of parameters. The Akaike Information Criterion (AIC, [10] [11] [12] ), a measure that is widely accepted for measuring the validity within a cohort of nonlinear models and frequently used for model selection [13] .
Formula 12:
with p = number of parameters and ln(L) = maximum log-likelihood of the estimated model. The latter, in the case of a nonlinear fit with normally distributed errors [13] , is calculated by Formula 13:
with x 1 , ..., x n = the residuals from the nonlinear leastsquares fit and N = their number.
To provide a fair playing ground, we employed an AIC variant that corrects for small sample sizes, the bias-corrected AIC (AICc): Formula 14:
with n = sample size and p = number of parameters.
In order to obtain values for the validity of a fit, we used Akaike weights which calculate the weight of evidence for each model within a cohort of models in question [12] [13] [14] :
Formula 15:
with i, k = model numbers, Δ i (AIC) = the difference in AIC of each model in comparison to the model with the lowest AIC, subsequently normalized to their sum (denominator).
Also here, we used the bias-corrected AICc for calculating the Akaike weights.
We also chose to employ the Bayesian Information Criterion (BIC), which gives a higher penalty on the number of parameters [15] :
with p = number of parameters, n = sample size and L = maximum likelihood of the estimated model.
Furthermore, the residual variance as the part of the variance that cannot be accounted for by the model:
Formula 17:
with RSS = residual sum-of-squares, n = sample size and p = number of parameters.
The variance of a least-squares fit is also characterized by the chi-square statistic defined as Formula 18:
where y i = response values, f(x i ) = the fitted values and = the uncertainty in the individual measurements y i .
We further define the reduced chi-square as a useful measure [16] by Formula 19:
with ν = n -p (degrees of freedom). If the fitting function is a good approximation to the parent function, then the variances of both should agree well, and the reduced chi-square should be approximately unity. If the reduced chi-square is much larger than 1 (i.e. 10 or 100), it means that one is either overly optimistic about the measurement errors or that one selected an inappropriate fitting function. If reduced chi-square is too small (i.e. 0.1 or 0.01) it may mean that one has been too pessimistic about measurement errors. For this work, models were selected based on reduced chi-square by being closest to 1.
Analysis of the simulation data
Two different approaches were pursued within the Monte Carlo simulated data. To reveal general tendencies, we averaged the values of R 2 adj , AICc, BIC, residual variance and reduced chi-square from all 2000 simulated data sets (for each noise magnitude and each of the 9 models). To permit a more detailed insight for each simulation and to compare the measures on the single model level, we selected the best model in each iteration based on the highest R 2 adj , lowest AICc, lowest BIC, lowest residual variance and smallest difference to unity for reduced chisquare. For the latter, we used as the measurement uncertainty the a priori known squared standard deviation from the homoscedastic noise that was applied to produce the random data of the Monte Carlo simulations. Finally, we calculated the percentage of selecting the 'true' model L3 in all iterations.
Code for the simulations
All simulations were conducted using R, a well reputed and open-source statistical programming language [17] . Nonlinear curve fitting was done by using functionality from the R package qpcR [18] . The commented code for the simulations can be obtained from Additional File 2. Figure 1 illustrates the simulated data that was used as the basis of our analysis. Starting from the fitted values of a three-parameter log-logistic model (L3), different amounts of homoscedastic gaussian noise were added to the fitted values resulting in the point clouds as shown. We analyzed six different magnitudes of gaussian noise in total, from low noise (s. Fitting all nine different sigmoidal models to the fitted values of the 'true' model (L3) is depicted in Figure 2A , demonstrating the differences against this model when noise is completely lacking. All logistic models fit well in this context, which tallies with the observation of fiveparameter models exhibiting increased performance due to accomodating asymmetrical structures [19] . Visualized also by a residuals plot that delivers higher resolution of the residuals (Figure 2B ), the log-logistic models (L3, L4, L5) provide very small residual values, the logistic models (B3, B4, B5) have higher residual values and the Weibull models (W3, W4) are significantly inferior. This is evident especially in the upper and lower region from the point of inflection.
Results and Discussion
AICc and adjusted R 2 adj were compared by averaging the output of all 2000 simulations and for three different magnitudes (low, middle, high) of homoscedastic gaussian noise (Figure 3 ). Not surprisingly, the R 2 adj values decrease and the AICc values increase with higher noise (left to right). But the major problem in the use of R 2 is clearly evident within the simulation setup: the AIC differences (delta-AIC) between some models can be 78 (compare L3 and B3 models at s.d. = 0.02), which when transferred to Akaike weights result in a weight of evidence 16 (!) orders of magnitude in favor of L3. One might be inclined to say that this is major evidence for the first model being in favor of the second one, but in respect to the corresponding R 2 adj values, only the fourth decimal place is affected. This tendency is also found for higher noise, despite AICc values increasing and Table  1 shows the strong discrepancy in scale changes of these two measures when comparing a cohort of different models.
However, differences in scale changes would be unimportant if the direction of change is always reciprocally (i.e. a lower AICc always corresponding with a higher R2adj). As can be deduced from Table 1 On the averaged values, BIC essentially shows the same characteristics as AICc. Interestingly, the residual variance is higher in the 'true' model L3 than L5 for most noise regimes (although also only in the third to eighth decimal place), indicating this to be a relatively unfavorable measure. Likewise, the reduced chi-square exhibited a tendency to be closest to unity for higher parameter models (L4, L5, B5) with increasing noise, here also only affected in the third decimal place.
To acquire more detailed insight into the performance of the different measures in respect to the selection of the best model and in dependence of different noise magnitudes, we selected the best model of each iteration by each of the measures. This approach can reveal features that are not evident when calculating the averaged measures of all simulations. We summarized the outcome of this analysis as a heatmap display in Figure 4 and as 'model selection frequency' in Table 2 . Within each image plot, the selected models are shown with the same colour coding as in Figures 1, 2 and 3 . For the low (s.d. = 0.02) and medium (s.d. = 0.1) setup, R 2 adj , residual variance (resVar) and reduced chi-square performed not optimally, selecting the true model L3 only in 28-43% of the iterations. Both measures exhibited a severe bias in the selection of models with a higher number of parameters (L4, L5, B5, baro5). It is interesting to note that although R 2 adj and the residual variance 'correct' against the number of parameters, there is no positive effect on the ability to select the 'true' model. This may be due largely to the setup in this work which features a relatively high sample size (n = 26) compared to the number of parameters (p = 3-5) and leaves the denominator n -p in both measures relatively unaffected. In contrast, both AICc and BIC performed superior in the selection of the 'true' model L3 at these magnitudes of noise with over 80% of all iterations, but with a slight bias to models with a lower number of parameters at medium noise. At high noise (s.d. = 0.4, corresponding to 4% noise of the data range) the performance of all measures decreased markedly, most probably from the effect of the simulated data losing the structural features typical of the L3 model when high noise is added. Despite this negative trend, AICc and BIC displayed increased performance even at high noise. The two measures selected also a significant number of iterations (about 40%) of other models with the same number of parameters (B3, W3), which might be an indication for a small bias to lower parametrized models. Consequently, and based on the analysis of a sigmoidal nonlinear setup as described here, we feel compelled to give the following summary:
1) The use of highly inferior nonlinear models is reflected only in the third or fourth decimal place of R2 and thus the description of single models when using R2 is not meaningful, as this measure tends to be uniformly high when a set of models is inspected. This has also been noted by others [20] . Additionally, R2 and even its 'biascorrected' counterpart R2adj are severely biased in favor of models with more parameters when it comes to model selection. The same accounts for the residual variance, which is also commonly used. AICc and BIC do not exhibit this bias and provide a much clearer picture and improved performance when it comes to selecting the 'true' model. The Akaike weights are especially useful in obtaining an overview of the weight of evidence of one model over the other, which is impossible with the per se high R2 values. This approach requires anyhow that it is mandatory to supply several models in question.
2) In a background of low and medium experimental noise, R 2 adj and AICc selected different models with AICc selecting the 'true model' twice as often (82.2% versus 43%). This finding emphasizes the importance of this measure in nonlinear model selection. At a high noise level rarely encountered in the modelling of pharmacological/biochemical data (4% of data range), AICc still performed superior to R 2 adj . These results tempt us to conclude that the degree of freedom term n -p in the denominator of the residual variance and R 2 adj is not sufficient alone to compensate the effect of the number of increasing parameters. The same seems to be the case for the reduced chi-square, which is also frequently used for model selection purposes.
In this work we show that R 2 is an inappropriate measure when used in the field of nonlinear fitting. Efforts have been made to develop R 2 -like measures for the most common nonlinear regression models [21] , but here we focused on the inadequateness of its use by using a data perturbation approach and comparing its performance in adj . Descriptions for the abbreviated models can be found under Formulas 1-9. Coefficients of variation for all simulations were below 5% and hence omitted. More detailed data for the measures can be found in Table 1 . L5  L4  L3  B5  B4  B3  W4  W3  baro5 comparison to AICc, BIC, residual variance and reduced chi-square. Model selection in nonlinear statistical literature is usually divided into the frequentist methods, for example F-tests on the residual variance that are restricted to nested models [13] , or measures from information theory such as AIC which are often used to compare non-nested models. Indeed, it has been shown that the latter approach can often perform better than F-tests [22] . In the field of biochemical and pharmacological literature there is a reasonably high occurrence in the use of R 2 as the basis of arguing against or in favor of a certain model. As a result from this work, we would like to advocate that R 2 should not be reported or demanded in phamacological/biochemical literature when discussing nonlinear data analysis. Authors as well as reviewers should be aware that demonstrating the validity of single nonlinear models by using solely R 2 is not state-of-the-art and should be replaced or supplemented by AIC/AICc/ BIC values (or their corresponding weights of evidence) of several possible models that are in question. The latter will give the dedicated reader the possibility to obtain information about how much a certain model is in favor over others, a feature that will not be evident by minor changes in R 2 which tends to be uniformly high and is rarely affected more than in the third or fourth decimal place.
Conclusions
Although frequently being used in the present pharmocological/biochemical literature for describing the validity of a nonlinear fit, R 2 is an unfavorable measure that is rarely affected more than in the third or fourth decimal place, even in scenarios with highly inferior models. Our Monte Carlo simulations have shown that AIC, AICc or BIC perform significantly better in this respect so that authors as well as reviewers should be aware of this issue and refrain from using or asking for R 2 values when nonlinear models are under investigation. 
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